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1.Brief Introduction to Swarm Intelligence

1.1 Swarm Intelllgence (SI) refers to
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1.Brief Introduction to SI

1.2 Some Famous SI Algorithms:
B Particle Swarm Optimization (PSO)

Ant Colony Optimization (ACO)

Artificial Immune System (AIS)

Bee Colony Optimization (BCO)
Bacterial Foraging Optimization (BFO)
Fish School Search (FSS)

Seeker Optimization Algorithm (SOA)
To name a few
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Inspired by the
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1.2.1 Particle Swarm Optimization

[0 A birds flock is searching for a food, and every bird does
not know where the food is. But, they know presently the
distance of each bird to the food

how to make a strategy
that the bird can get to the
food fastest?

This seeking behavior was associated with that of an
| optimization -

11/1/2011
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1.2.1 Visual demonstratlon of PSO
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1.2.2 Ant Colony Optimization (ACO)

Ant system searches Food from Nest

ANT.EXE (AVI1)
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Auto-catalytic (positive feedback) process
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1.3 Introduction to Fireworks Algorithm

When a firework is set Off, a shower of sparks will
fill the local space around the firework.

O The explosion can be viewed as a search in
the local Space around a firework.

P Firework
iteration
* & i@ * sparks-current
iteration
* o \ . Fireworks-selected
* - h : %, fornextiteration
* * « |
e i A
*®
{ @)
: * -
L ]
*

Fig. 1. Search Process of Fireworks Algorithm


http://en.wikipedia.org/wiki/File:4thFireworks1.JPG
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from Nature to Mathematical Mndelinn

Definition of firework

Good firework: firework can generate a big
population of sparks within a small range.

Bad firework: firework that generate a small () Good explosion
Population of sparks within a big range.

The basic FA algorithm is on the basis of simulat
the process of the firework explosion illuminating FEE—

th e n |g ht S ky . Fig. 2. Two types of fireworks explosion
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2. Basic Firework Algorithm (FA)

2.1 Problem description
2.2 Flowchart of FA

2.3 Design of basic FA
O Selection operators

O Number of son sparks
2.4 Experimental results

16
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2.1 Problem description

Suppose the FA is designed for the
general optimization problems:

Minimize f(x) € R X;in < X < X g

Where x = x4,x,,...,x 4 denotes a location in the potential space,
f(x)is an objective function, and x,,;, and x ,,,,denote the
bounds of the potential space.

17
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2.2 FA's Flowchart

<€

Evaluate the
sparks,

Set N Obtain the select N Terminal
firework sparks fireworks criterion?

for next
generation

18
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2.3 Design of basic Firework Algorithm

Number of sparks generated by each firework Xi is
defined as follows:

Ymax — f(xi) + (

S; = m*
l n
i=1(Ymax f(xz)) +¢
—
4]
= —
e e g
[} &) S o [+ =]
.Iﬂ“ @
G % So % e
o qﬂ:} , ‘:‘Gﬂ
o o 8 o
o '~,?_,_;}__ s .
-\.o‘ ﬂ
. .
bad firework good firework 19
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2.3 Design of basic Firework Algorithm

To avoid overwhelming effects of splendid fireworks,
bounds are defined

(round(a *m) ifs; < am

S; =sround(b*m) ifs;<am,a<b<]1

 round(s;) otherwise

20
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2.3 Design of basic Firework Algorithm

In contrast to the design of sparks number, the
amplitude of a good firework explosion is smaller

than that of a bad one. Amplitude o
Adefined hv: SMALL RANGE

T | fOD — ymin+§ | | MORESPARKS

> l=1(f(xi) — Ymin) - H‘ JEPEN

| = 21
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2.3 Design of basic Firework Algorithm

Generating Sparks. In explosion, sparks may
undergo the effects of explosion from random z
directions (dimensions).

Algorithm 1. Obtain the location of a spark

[nitialize the location of the spark: @ = @xi;

z=round(d - rand(0, 1));

Randomly select z dimensions of &j;

Calculate the displacement: h = A; - rand(—1,1);

for each dimension I‘i € {pre-selected z dimensions of &;} do

F = Fl+h;
if ¥ < ifl " or @ > p® then
map 77 to the potential space: ] = 2"+ | & | %(x™* — 2");
end if
end for

22
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2.3 Design of basic Firework Algorlthm
Classroom I —
' the sparks, we borrow the
, selection operators.
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2.3 Design of basic Firework Algorithm

To keep the diversity of sparks, we design another
way of generating sparks----Gaussian explosion.

Algorithm 2. Obtain the location of a s _'
Initialize the location of the spark: &; =a et

z=round(d - rand(0, 1)); - : :
Randomly select z dimensions of &;; ] 0 N
o i . L s o R, -
Calculate the coefficient of Gaussian explc [ Iﬁ,‘i’;)‘f“““;\&{ '
for each dimension #] € {pre-selected z 8 S . ﬁ}&f?‘"”‘ﬁ“:““{% iy
Ad _ad ;’l:ﬂ,?%ﬁ“t\““\iéx
e = Tk 9 _. 02O
if @] < LL'E“H or &y >z then s : (A
map I, to the potential space: &, =: " <
end if
end for

10 10

24
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2.4 Experiments results of basic FA

Table 1. Nine benchmark functions utilized in our experiments. The details, including
the expression of the functions, feasible bounds, and initialization intervals, are given
in the table.

Function Expression Feasible bounds Initialization D
Sphere =Y x; [—100, 100]" [30,50]” 30
Rosenbrock  Fb =Y.' (100(wis1 — @f)* + (@i — 1)) [-100,100]°  [30,50]” 30
Rastrigrin F; = ij L{m: — 10 cos(2ma; ) + 10) [—100, 100] D (30, 50] D 30
Griewank  Fa=1+37, m;ﬂ —[1Z, cos(Z%)  [-100,100]”  [30,50]” 30
Ellipse Fs=Y2 10*0-1a2 [—100, 100]” (15,3017 30
Cigar Fy = 22 + D 10%22 —100, 100]” 15,3017 30
8 1 i=2 i .
Tablet Fr =10%2% +3 2., o (~100,100”  [15,30]” 30
Schwefel Fs =31 ((z1 - 27)* + (x: = 1)%) [-100,100]”  [15,30]” 30
— : a 1 D
Ackley fo= 20 e (_D'E“'f b Lz ) [-100,100]”  [15,30]" 30

—exp ( 5 Zi | cos(2mx? ])

25
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2.4 Experiments results of basic FA
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2.4 Experiments results of basic FA
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2.4 Experiments results of basic FA

Table 2. Statistical mean and standard deviation of solutions found by the FA, the
CPSO and the SPSO on nine benchmark functions over 20 independent runs

Function FLl'ﬂ{'tllﬂll FA’s mean + StD CPS0O’s mean + StD SPS0O’s mean + StD
evlunations
Sphere 500000 0.000000 £ 0.000000 I[I.[I{I[I[IDD + 0.000000 I 1.909960 + 2.594634

Rosenbrock 600000
Rastrigrin 500000
Griewank 200000

Ellipse 500000
Cigar 600000
Tablet 500000
Schwefel 600000
Ackley 200000

9.569493 + 12.12829
0.000000 =+ 0.000000
0.000000 <+ 0.000000
0.000000 = 0.000000
0.000000 £+ 0.000000
0.000000 =+ 0.000000
0.000000 <+ 0.000000
0.000000 £+ 0.000000

33.403191 + 42.513450 410.522552 + 529.389139
0.053042 £+ 0.370687 167.256119 £+ 42.912873
0.632403 £ 0.327648 2.177754 £+ 0.294225
0.000000 £ 0.000000 53. 718807 £ 68.480173
0.000000 + 0.000000 0.002492 £+ 0.005194
0.000000 £ 0.000000 1.462832 + 1.157021
0.095099 £ 0.376619 0.335996 £ 0.775270

1.683649 = 1.317566 12.365417 £ 1.265322

28
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Exelosion Search Demonstrations of FA

O Sphere (AVI2)

O Benchmark function fi18 (AVI3)

29
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3. FA variants

3.1 Motivation of FA variants
3.2 Definition for FA variants
3.3 FA with fixed minimal explosion

amplitude

3.4 FA with dynamic minimal explosion
amplitude

30
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3.1 Motivation of FA variants

O By comprehensively analyzing the techniques of
fireworks explosion, our findings suggest that

. cnmnon nf rhoa Anonaratrad S;F)Ealﬂl(ss can r]Ealach FT123|(€3
* Firework - . = =
optimization if they do

(\ ce while take a lot

7/

LOW

DIVERSITY!! 31
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3.2 Definition for FA variants

¥ 107 Griewank: dim; 30
g 1F L | T T T T
w f
'E 1 "
3 .
o 1 i
L1 L
g || P I o e e e e e e e e e e e e e e e e
[ i i i i i i i i i
0 10 20 30 40 50 &0 70 a0 a0 100
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i:f D4p -N: l +*¥h- *d‘tl-t 'IH- * 1'::* f*f !
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Fig.4. Analysis of the Core Firework Explosion Amplitude and Ratio

Mumber of Function lteration

Core Firework: In
iterative process,
there iIs fixed number
of fireworks which can
generate sparks.
Among the fireworks
In each iteration, the
firework with minimal
fitness iIs defined as
Core Firework.
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3.2 Definition for FA variants

Significance Improvement | ackey dm 10,000 ,_Functon;ackey, am; 105
- =) P — FA
whether the Core Firewor 3o & h_
e I Y v
we define that if it generates  S-[filffifig, .. |
generation whose fitness SEREELEL AL
iteration as Significance I . - =
L, { Bt ) . |
Signif(zr) = fir1 + Core Firework}
0 , others G 2 _ 02
%.I]'E E'-:IJE-
E 01 % 0.1

Fig. 5. Analysis of the Core Firework Explosion Significance Improvement

33
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3.2 Definition for FA variants

Local Minimal Space: Given a function f:Q € R" >
R,in a continual space ¥ c Q,there 3x,3¢,and f(x) —
f(X) = 0,when |x — X| < ¢,then ¥ is a local minimal space.

So optimization problems can be classified as :only one
local local minimal space problems (Uni-modal),
several local minimal space problems (Multi-modal)

and many local minimal space problems (Hybrid-modal).

34
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amnlitiida

1: Initialization.

2: Randomly select n fireworks at n locations

3 for t =1 to Iter do

4. evaluate the n fireworks using object function

5 calculate the number of sparks of each firework

6:  calculate the explosion amplitude of each firework
7
8
9

for: =1to N do
compute current fitness f(X;)
if explosion amplitude of Core Firework < Thresh-
old then

10; set it as Threshold

11; end if

12: cenerate the sparks for each firework

13: obtain the Gaussian Mutation of all sparks

14: obtain the optimal spark among the SET of all

sparks, the SET include generated sparks, Gaussian
Mutation sparks and n fireworks

15: randomly select other n — 1 fireworks

16: obtain n fireworks for next iteration

17 end for

18 end for

19: return the optimal solutions found by the swarm

35

Pseudo-code of Using Fixed Minimal Scope for Core Firework 11/1/2011
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3.3 FA with fixed minimal explosion

amelitude

O As can be seen, the bigger fixed minimal scope can
accelerate the process of searching the optimal solution at
the first iterations. However, when it comes to the local
minimal space, the higher the fixed minimal scope, the
harder it searches the optimal solution.

O It would seem that function Ackley is uni-modal function.
And multi-modal function is the same, the difference is
that only when the swarm comes to a local minimal space
rather than a global minimal space compared to uni-
modal functions.

37
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3,4 FA with dynamic minimal explosion
amplitude

O Experiments with fixed dynamic explosion amplitude
suggest that FA should be loaded with a higher
explosion amplitude while it does Not come to a local
minimal space, thus to enhance the possibility of
obtain a better solution. When it got to a local
minimal space, then the fireworks begin to search
the Space within a small range from the found good
solution.

38
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fComplitational

“AB 4 FA with dynamic minimal explosion

Elitude

If FA have not get
any better
positions in N
consecutive steps?
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3.4 Two cases:

O the population of the
swarm (excluding the

core firework) Is too
small.
O the search range of

LOW
DIVERSITY

the core firework Is too
small

40
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3.4 Dynamic minimal explosion
amplitude strategy

Yes, it finds a better solution at B

/ So it load with the smallest explosion amplitude

A better
position : B

C

lteration by iteration, it can not obtain any
= improvement, so a bigger explosion amplitude —

Should be exploited till it reaches point C. 41
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~3.4 FA with dynamic minimal explosion

amelitude

<
| Evaluate
Set N O?ﬁzm sp;hr?(s Terminal
: : B
firework sparks select N criterion-
fireworks

o

Minimal Explosion
Amplitude Checking

42
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TEST FuNCTIONS GROUP 2 - OPTIMA AND FEASIBELE RANGES
(Uni=UnmmoDal, Murti=MuLTiMoDaL, SH=SHIFTED, RT=ROTATED,
GB=GLoBAL oN Bounps, HC=HysrID ComMposiTiON, NM=NUMBEER

Q.

3.4 FA with dynami

MaTrIN)

eX p I O S i O n a m p I it u d No. | Description Feasible Bounds | Optima Value
fi Sh Sphem 450
fa Sh Schwefel 1.2 450
fa Sh Et Elliptic [—100, 100] 450
fi o with Noise 450
[125 Benchmark . | Schwek1 26 GB 310
fa 5h Rosenbrock [—100, 100] 300
. f= Sh Rt Griewank [0, GO0 -180
Te St Fu N Ctl ons fs | ShRiAckley GB | [-32,39] 140
fa Sh Rastrigin [—5, 5] =330
fin | Sh Rt Rastrigin [—5, 5] -330
fi1 | Sh Kt Weierstrass [—0.5,0.5] 0
fio | Schwefel 2.13 [w, 7] -Ad)
fia | Sh Expanded F8F2 [—3.1] -130
fia | Sh Kt Scaffer Fa [—100, 100] -300
fis | HC Function 120
fig | Rt HC Function 1 120
fir | fis with Noise 120
fiz | Bt HC Function 2 10
fis | fiswith Basin 10
fan | fis with GB [—5, 5] 10
faq | Bt HC Funtion 3 3ol
faa | fap with NM 360
faz | NCRt fa 360
f2a | Rt HC Function 4 260
fos 24 without Bounds 36l

Here, fi-fx are simple uni-modal problems, fg-f14 are multi-modal
problems with few local minima, fi5-f25 are highly complex

hybrid-modal problems with a number of local minima
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Q.
”“3 4 FA with dynamic m

amEntude

[1 Experimental

TABLE IV
RESULTS ON fi-fi4 BENCHMARK TEST FUNCTIONS BY FA AND
FA-DEA (M=MAX EVALUATION TIMES,
250000, M5 4 = 1500000, M - M 4=150000)

WA De_vm@; !

)t.wk,, TREEREE
inimal explosion’

Results of FA-DEA

FA
Mean + Std

FA-DEA
Mean + Sid

on fl _f14 f1 | -437.917 £ 46.205

fa 432118 &+ 44115
S o . i O 5 2

fa -160.973 £+ 158.42

436448 + 62110
0506.19 + 2088.8
111696 + 724.07
7536.53 + 2136.1

-449.956 + 0.0000

216823 1 1008 6

5907.39 + 1889.5

-405.225 + 145344

f= [ 205106 3 19804
fe 390.931 + 1.2703
by -179.910 £ 0.0443
I _119.761 + 00611

Ta -251615 £ 17.042

fio | -218.479 + 22354
fi1 || -94.9889 £ 0.9043
fia | 333730 L JRU3R
fiz || -129.508 X+ 0.2479
fiq4 | 287 18T £ 0235

038.752 &£ 11193
802.257 £259.84

119904 + 476.05
16231.3 + 220.34
-265.640 £ 19.353
271118 £ 15113
306.3% + 2.6608
377667 £ 15064
25,0533 £ 21.703
-222.917 + 16.205

202,689 + 914.89
11788.1 + 531.59
162280 + 28717

-323.212 + 2.0897
-323.411 + 1.9395

303,040 4 13003

-448.386 + 2.6561

-40.3880 £ 1.8349
I8 802 T 29199 |

11/1/2011



MLABB 4 FA with dynanmi-

RESULTS ON fiz-fos BENCHMARK TEST FUNCTIONS BY FA AND

explosion amplitt

[1 Experimental
Results of FA-DEA
on fis5-f25

Jezr )T HRREREE

TABLE ¥

FA-DEA (M=MAX EVALUATION TIMES, M 15 — Moy = 150000)
No. PSO FA FA-DEA
Mean + Std Mean X Std Mean £ Sid
Percentage Percentage Percentage
Fis | 310560 £ 100,24 | 358900 = 20079 | 257.015 £ 202.59
0/20 0/20 1120
Fie || 256,132 £ 16535 (| 345319 &+ 18649 | 2050922 £ 217.05
0/20 0,20 11720
Fir || 267.267 £ 17.062 || 346050 £ 1809 | 312323 &+ 21604
TR (/20 L 20
fis | T8L612 £ 11815 | 249643 = 190.14 | 188.298 + 214.31
0/20 0/20 T
fio | 780762 + 10416 | 298746 + 19396 | 173548 + 207.61
0/20 0,20 820
fop | TE5.982 £ B6.23T | 193.664 = 17244 | 182559 + 20876
0/20 (/20 920
Fou | 949050 £ 19330 | 398317 £ 207,12 | 570952 + 21354
0/20 0/20 20
faz | 1140031 £ 25381 || 505953 + 13923 | 545.139 + 21546
0/20 [/ 20 9720
fag | 108595 £ 22070 | 346338 = 15631 || S00.896 £ 198,10
0/20 0,/20 1020
faq | 1172281 £ 90,035 | 490300 = 19491 | 363150 £ 152.02
0/20 0/20 90
fax | 641631 + 36937 | 512.075 + 20982 | 406.561 + 211.35
0/20 0,20 1020
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Dimensions

erformance Comparls
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Rosenbrock; dim: 5 o Rosenbrock; dim: 10 <10 Function?; dim: 5 «10° Function1; dim: 10
25 : 4
- = =FA - - -FA == -FA i - = =FA
. FA-DEA 133 FA-DEA 2 . FA-DEA 3 % - ‘ FA-DEA
10° | . - . . 15 o -
- ) .
2 = i 5 5 . E o1 !
10 ~4 | Function Dim Rosenbrock f1 [Table 4] = Y-
FA FA FA-DEA ‘ T
-2
- - - " 3 5 A _As -1 .
10° 10 102 10 5 ().66950 440928 —H"}."JQQI o . 0 o
umber of Function lteration A Mumber of Function Iteration
Number of F 10 6.5561 -178.979 || -449.999| > -
v A 4 uncticni; dim:
oy osenbrocic dim: 20 20 16.764 357.753 || -449.917 5110 .
e - ==FA 30 26.874 436.448 -449 6917 0 Fa-DEA
10°) ey FA-DEA T
% ] B4 2 @ ~
2 i g .z : & . Z 5 = -
1 3 £ Ay i " E ™.
\__ ______ LL B = o = L‘ = ..,“‘

10’ 10' a e o o =
mfc:- 10" 10 .0 mfut 10’ i 0 _?c* 10’ _ 10 _ 10° _51:1: 0 0 _ 10
Mumber of Function lteration Mumber of Function Iteration Number of Funciion Haration Number of Function Heration

= . o - " J o - = m '—J
10. Experiments on Rosenbrock and Dim = 5, 10, 20 and 30 & 1. Experiments on f; and Dim =35, 10, 20 and 30
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4. Application Research

m 4.1 FA for NMF

B 4.2 FA for Clustering

47
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4.1 FA for NMF

B 4.1.1 NMF description
B 4.1.2 Algorithm for NMF Computing

B 4.1.3 Experimental results

48
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4.1.1 NMF descrietion

O Lee and Seung publish a paper on Nature in

1nnn ~hAailiE Fha nranrnaos =\ 7

EBEEEW
o B s B o

:i:tiiit
it

b
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TP e
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4.1.1 NMF descrletlon
Original data Approximation

Minimal

Figure - Scheme of very coarse NMF approximation with very low rank k.
Although Kis 3|gn|f|cantly smaller than m and n, the typical structure of the

objects In the Ieft mlddle and rlght part ofA)
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4.1.1 NMF description

O Mathematically, we consider the problem of
finding a "good” (ideally the global) solution of
an optimization problem with bound constraints .

51
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4.1.1 NMF descrietion

[0 The nonlinear optimization problem underlying
NMF can generally be stated as

min,, , f(W,H)=min, %H A—-WH |2 .

52
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4.1.2 Algorithm for NMF Computing

Original data matrix A
N 2

m aI

............................ Distance matrix D

Figure - lllustration of the optimization process for row | of the NMF factor W. The
I"row of A (&) and all columns of HO are the input for the optimization algorithms.
The output is a row-vector w/ (the I"'row of W) which minimizes the norm of d,
the I"row of the distance matrix D. The norm of d/ is the fitness function for the

optimization algorithms (minimization problem).

53
11/1/2011



»
/.‘*f - ezt HRERERE
YL Cmputeitens) liteigamss Lebaisiosy, Peking Usiversly

C I LAY

4.1.2 Algorithm for NMF Computing

O General structure of NMF algorithms

[S—Y

. given matrix A € R™" and k < min{m,n}:

bO

. for rep = 1 to mazrepetition do
W = rand(m, k);

-

& (H =rand(k,n);)

5. for i =1 to maziter do

6: perform algorithm specific NMF update steps
i check termination criterion

8 end for

9: end for

54
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4.1.2 Algorithm for NMF Computing

NMF Initialization

(@3]

6:

10:
11:
12:
13:
14:

: Given matrix A € R™*" and k < min{m,n};
: HO = rand(k,n);
: % Compute in parallel

for i =1 to m do

Use SIO to find w] that minimizes ||a] — w} HO||p, (min ||.||r of row i of D);

end for;
% Gather
: W= [wl;...;wh,];
: % Compute in parallel

for j =1ton do

Use SIO to find hf that minimizes ||ai — Whj||p, (min [|.||r of col j of D);

end for
% Gather
H = [h{,...,h];

55
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/ ' ' 1: for iter = 1 to maxiter do
Y. ;

C I LAY

O Iterative
Optimizat

13:
14:
15:
16:
17
18:
19:
20:
21;
22;
23:
24:

25:

4.1.2 Algori ;

= 9:
IlO:

On 11

12;

% perform MU specific update steps

W=W - -(AH")./(WHH" +¢);

H=H  (WTA). WTWH +¢);

if (iter < m) then

% Update rows of W +++++++tttttttttttttttttttttttttttttttttt

d! is the i row vector of D = A — W H;
[Val, IX W= sort(norm(d}),’ descend');
IX W = IX W(l:ie);
% Compute in parallel

Vi e IXW:

Use SIO to find w! that minimizes ||a] — w} HO||r;
% Gather
W =[wl;...;whl;

% Update columns of H ++++++++tttttttttttttttttttttttttttttt
dj is the §t" column vector of D = A — WH;
[Val, IX_H] = sort(norm(dj), descend’);
IX H=IX H(l:gc);
% Compute in parallel
Vj e IX _H:

Use SIO to find hf that minimizes ||aj — Whj|[r;

% Gather
H = [hy,...,h{];

e=e—Ac;

end if

26: end for
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4.1.2 Datasets for NMF Computing by FA

O DS-RAND is a randomly created, fully dense matrix which is used in
order to provide unbiased results. To evaluate the proposed methods in a
classification context we further used two data sets from the area of emalil
classification (spam/phishing detection).

O Data set DS-SPAM1 consists of 3000 e-mail messages described by 133
features, divided into three groups: spam, phishing and legitimate email.

O Data set DS-SPAMZ2 is the spambase data set taken from (Kjellerstrand
2011) which consists of 1813 spam and 2788 non-spam messages. DS-
SPAML1 represents a ternary classification problem; DS-SPAM?2
represents a typical binary classification problem.
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10 Ini
0.32— 0.07 —
FWA FWA
0.31 PSO | ooe8f; e FSS
---DE —GA
= 03 —GA ---DE
N G FSS PSO
3 O
hﬂ._
€
©
(]
E
‘ ‘ ‘ ! 0.054 : : ; ;
1000 1500 2000 2500 0 500 1000 1500 2000 2500

Function evaluations Function evaluations

Figure 4.1.1 — Left hand-side: average approximation error per
row (after initializing rows of W). Right hand-side: average
approximation error per column (after initializing of H). NMF rank k

= 5. Legends are ordered according to approximation error (top =
worst, bottom = best).
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0.16 w \ ‘ ‘ ‘ 1 0.16 ;
d Basic MU _ Basic MU
| opt-FW \ opt-FW
014} | opt-PS | 0.14f 1 opt-PS
: 8 opt-DE i 8 opt-DE
1 O opt-GA 1 O opt-GA
012) ¢ == opt-FS | 0121 ¢ ' == opt-FS
_ i _ @
T : T Y
S 01f Q 2 0]
] -‘ <
0.08f “ 0.08f
0.06} Ty 0.06
0.04 | | | | | 0.04 Il Il Il Il Il
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Iteration Iteration

Figure 4.1.2 Accuracy per Iteration when updating only the row of W,
m=2, c=20. Left: k=2, right: k=5
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Experiments results of NMF

I I I
Bl Basic MU [ opt-FW [ opt-PS [ opt-DE [ opt-GA M opt-FS

k=2

k=3 k=5 k=7 k=10

-
I

o
o)
|

Proportional runtime
(Baseline: Basic MU = 1)
o o
T

o
N
T

o

Figure 4.1.3 — Proportional runtimes for achieving the same accuracy as
basic MU after 30 iterations for different values of k when updating only
the rows of W. (m=2, c=20)
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4.2 FA for Document Clustering

B 4.2.1 Document Clustering Description
B 4.2.2 Dataset

B 4.2.3 Experimental Result
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4.2.1 Document Clustering description

Automatically group the related
documents into clusters.

e Example
— Medical documents
— Legal documents
— Financial documents

If a collection is well clustered, it is
much more efficient to search only the
cluster that will contain relevant

documents . /372011




@ 0 = ez HAERERE
Y. @enipuisilene) titelligznes Leborsfogy, Peking Universiy
T LAY

4.2.2 Dataset: Newsgroups-18828

predecessor: Newsgroups

[0 The 4.5% document belongs to the two or more
than two news group

[0 The remaining documents only belongs to one
newsgroup

modification : Jason Rennie from MIT do some
necessary Brocessings to Newsgroups, so that each
document belongs to only one News group

characters: A total of 18828 documents, all
documents belong to 20 different new newsgroups

> widely used in document classification
and clustering
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Concluding Remarks

® By mimicking the explosion process of fireworks in our

festivals, the so-called FA is proposed and implemented
for function optimization, with a promising performance
against Clonal PSO and Standard PSO.

FA-DEA, by introducing an explosion amplitude control
strategy, has shown its great advantages in hybrid-modal
problems, which can achieve the optima 50% on average.

The use of Firework Algorithm to solve practical
engineering and scientific problems like clustering and
NMF has gained great success compared to traditional
methods.
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